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Abstract
1. Alien plant pathogens are a threat to native plants and are increasingly integrating 
into native plant–pathogen networks, but how these novel plant–pathogen net-
works are structured remains unclear. Theory predicts that novel antagonists are 
likely to be generalists, resulting in interaction networks with greater nestedness 
as well as lower modularity and specialization than native networks.
2. We tested these predictions by quantifying associations between native plants 
and their native and alien pathogens using a comprehensive database of plant–
fungal associations in New Zealand. We compared the host ranges of alien and 
native pathogens and the structure of native and alien pathogen subnetworks.
3. As predicted, alien pathogens associated with a greater number and diversity of 
native plant host species than native pathogens. The alien pathogen subnetwork 
was more nested and connected, but less modular and less specialized than the 
native pathogen subnetwork, consistent with expectations for novel interactions. 
Alien pathogens altered the overall native plant–pathogen network structure, 
making the full network more connected and less specialized than the native net-
work. Modules in the native and alien subnetworks were clustered by host phy-
logeny but did not show a clear signal associated with host habitat or region.
4. Synthesis. Our study provides some of the first empirical insights into the structure 
of novel plant–pathogen networks and the changes that occur when alien patho-
gens invade a native network. Because alien pathogens interacted with more hosts 
than native pathogens, alien pathogens have an increased risk of adverse indirect 
effects, including pathogen spillover, host jumps and network destabilization.
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1  | INTRODUC TION
Despite the major role plant diseases play in ecosystems and the 
increasing global movement of pathogens (Anderson et al., 2004; 
Bebber, Holmes, & Gurr, 2014; Smith, Sax, & Lafferty, 2006), we 
have a limited understanding of the community dynamics associated 
with novel pathogens. The invasion of alien pathogens into native 
plant–pathogen interaction networks provides an opportunity to 
better understand these dynamics (Burdon & Thrall, 2013; Parker 
& Gilbert, 2004; Young, Parker, Gilbert, Guerra, & Nunn, 2017). By 
contrasting native and alien plant–pathogen interactions and under-
standing how alien pathogens integrate into and potentially alter the 
structure of existing plant–pathogen interaction networks, we can 
gain insights into network assembly and change over time, and the 
potential consequences of alien pathogen invasions.
Successful alien pathogens are expected to have broad host 
ranges because more generalist pathogens are more likely to 
encounter a suitable host, thus increasing their chances of es-
tablishing in a new region (Dickie, Bufford, et al., 2017; Parker & 
Gilbert, 2004; Philibert et al., 2011). Pathogens with broad host 
ranges are also more likely to colonize novel hosts, particularly 
those that are closely related to hosts from the pathogen's na-
tive range, as host defences, and therefore host susceptibility, are 
often phylogenetically conserved (Barrett & Heil, 2012; Bufford 
et al., 2016; Flory & Clay, 2013; Parker et al., 2015). The host 
range of alien pathogens will in turn affect the impact they have 
and the role they play in interaction networks. Although the role 
of generalist alien plants and insects has been well‐documented 
in mutualist plant–pollinator networks (Lopezaraiza‐Mikel, Hayes, 
Whalley, & Memmott, 2007; Russo, Memmott, Montoya, Shea, & 
Buckley, 2014; Stouffer, Cirtwill, & Bascompte, 2014; Valdovinos, 
Ramos‐Jiliberto, Flores, Espinoza, & López, 2009), very few 
studies have considered antagonists, particularly alien plant 
pathogens (Médoc et al., 2017; Vacher, Daudin, Piou, & Desprez‐
Loustau, 2010).
As a consequence of broad host ranges and opportunistic col-
onization of naïve hosts, alien pathogens may exhibit substantial 
overlap in native hosts resulting in a network with a strongly nested 
structure (Andreazzi, Thompson, & Guimarães Jr, 2017), moderate 
connectance and linkage density, and low modularity (Table 1). By 
contrast, networks with a long evolutionary history, such as native 
plant—native pathogen associations, should exhibit greater special-
ization, particularly if evolutionary arms‐races led pathogens to spe-
cialize on the most susceptible host species. This should reduce host 
overlap between native pathogens and lead to a more modular and 
specialized network structure with lower nestedness (Andreazzi et 
al., 2017; Lewinsohn & Prado, 2006).
Network modules are groups of species that interact more 
with each other than with other species in the broader network. 
Identifying modules and understanding their composition can 
provide insight into why and how host plants share pathogens 
(Lewinsohn & Prado, 2006). In plant–pathogen networks, modules 
are often correlated with host phylogeny when groups of related 
plant species tend to be colonized by a shared suite of pathogens 
TA B L E  1   A brief description of common metrics that describe network architecture and function and the predicted relative values of 
these metrics in networks of novel interactions, as compared with the metrics in non‐novel networks (Andreazzi et al., 2017)
Network metric Description
Predicted for 
novel networks Proposed mechanism
Linkage density Weighted mean number of interactions per 
species
Increase Successful alien pathogens are generalists, with a 
greater number of interactions per species
Connectance Proportion of interactions that actually 
occur relative to the number of interac-
tions possible if every pathogen colonized 
every host species
Increase In novel systems, generalist pathogens take advantage 
of weak naïve plant defences, thus increasing the 
number of associations that form out of all possible 
associations when compared to non‐novel systems, 
where plant defences exclude many pathogens and 
pathogens specialize on different plant species
Nestedness The tendency of specialists to interact 
with generalists
Increase Novel pathogens include species with a range of host 
specificities, while abundant or poorly‐defended 
naïve plants may serve as hosts for a diversity of 
pathogens. This results in a nested structure where 
generalist pathogens interact with a wide diversity of 
hosts, while specialists tend to interact with a subset 
of these hosts
Modularity The tendency of groups of species to 
interact with each other more than with 
the rest of the network
Decrease Pathogens tend to infect groups of co‐occurring or re-
lated plants, creating strong modularity in non‐novel 
systems. Generalist novel pathogens, however, may 





) A network‐level measure of the diversity 
of partners using Shannon entropy
Decrease Generalist pathogens infect naïve hosts with weak 
defences against the novel pathogen, resulting in a 
high diversity of partners
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(Elias, Fontaine, & van Veen, 2013; Vacher, Piou, & Desprez‐Loustau, 
2008). We expect module composition in novel native plant–alien 
pathogen networks to show a strong signal of host phylogeny if alien 
pathogens are pre‐adapted to colonize novel hosts in the new range 
that are closely related to hosts from the pathogen's native range 
(Bufford et al., 2016; Gilbert, Magarey, Suiter, & Webb, 2012; Parker 
et al., 2015). However, over time pathogens may also shift to colo-
nize co‐occurring, but less closely related, plant species (Parker & 
Gilbert, 2004). Therefore, in networks with a long evolutionary his-
tory, such as native plant–pathogen networks, module composition 
could reflect both host phylogeny and shared habitat or geographi-
cal region. Habitat and region have been found to influence module 
composition in island seed dispersal networks (Nogales et al., 2016) 
and native plant co‐occurrence networks (Hui et al., 2013), but not in 
a plant–pathogen network (Vacher et al., 2008).
The arrival and integration of alien pathogens into native plant–
pathogen networks provides an opportunity to test these predic-
tions about novel pathogen interactions and how they alter network 
structure. Using a comprehensive database of plant–pathogen asso-
ciations in New Zealand (Johnston, Weir, & Cooper, 2017), we exam-
ined: Q1) whether alien pathogens colonize more native host plant 
species or a more phylogenetically diverse set of hosts than native 
pathogens; Q2) whether the alien pathogen‐native plant subnetwork 
differs in structural characteristics from the native pathogen‐native 
plant subnetwork, as predicted for novel interactions (Table 1), and 
whether any differences are strong enough to substantially alter 
the full pathogen–native plant network; and Q3) whether modules 
within the alien and native pathogen networks reflect shared host 
phylogeny, habitat or geographical region. We were able to compare 
native and alien pathogens in native plant networks to address these 
questions because New Zealand's isolation and extensive records 
since European colonization allowed native and alien pathogens to 
be distinguished, which is rarely done, and provided a volume and 
resolution of data rarely available for plant–pathogen interactions 
(Johnston et al., 2017; Sikes et al., 2018).
2  | MATERIAL S AND METHODS
2.1 | Plant–pathogen associations recorded in New 
Zealand
We compiled a database of plant–pathogen associations recorded 
in New Zealand between 1847 and 2012. Each record was an ob-
servation of a plant–fungal association and included host plant 
identity, fungus identity, the year in which the association was re-
corded and the source of the record. The data came primarily from 
the NZFungi2 database (Johnston et al., 2017; Landcare Research, 
2014), with additional records from the HerbIMI database (Kew 
Royal Botanical Gardens, 2012). Together, these data include the 
large majority of plant–fungal records known from New Zealand 
(Johnston et al., 2017). Records were derived from direct observa-
tions (e.g. cultures) and from published records of observations. We 
used taxonomic databases to standardize taxonomic names prior 
to analysis and removed hybrids and records with misapplied or 
subsequently split names that could not be resolved (Bufford et 
al., 2016). Given that each record should represent a unique obser-
vation of a specific plant–fungal interaction, we removed records 
likely to be duplicates (e.g. arising from published compilations; 
Table S1). We retained only records where both the pathogen and 
the host were identified to at least the species level and taxa iden-
tified to the infraspecific level were pooled at the species level, 
as this is the taxonomic level at which most associations were re-
corded. Analysing pathogens at the species level, rather than at the 
infraspecific level, might be expected to increase pathogen host 
range, but we have no reason to expect a priori a differential effect 
on native or alien pathogens.
The database was filtered to include only pathogenic fungi, oomy-
cetes and plasmodiophorids, and their associated native plant host spe-
cies. We focused exclusively on native plant hosts because this allowed 
us to compare novel (alien pathogen‐native plant) and non‐novel (native 
pathogen‐native plant) associations. Whether associations between 
alien plants and alien pathogens are novel depends on whether they 
interacted in their native ranges and that information was generally not 
available. Therefore, novel and non‐novel associations could not clearly 
be distinguished for host plants alien to New Zealand. Because the full 
database included fungi from a variety of functional groups (e.g. mycor-
rhizae, saprotrophs, etc.), we restricted the database to fungi classified 
as pathogens at the genus level by expert opinion, based on the pres-
ence of pathogenic species within the genus in New Zealand. While 
the data record pathogen presence, not disease symptoms or severity, 
most records come from observations of symptomatic plants, meaning 
the species in our database are likely to be pathogenic on the hosts 
recorded. However, it can be difficult to distinguish pathogenic and 
saprobic fungi and the trophic relationships between native fungi and 
their hosts are not always clear (Gadgil, 2005). The native or alien sta-
tus of plant and pathogen species in New Zealand was assigned using 
national databases (Allan Herbarium, 2015; Landcare Research, 2014), 
for which status has been determined by expert opinion using the best 
available evidence, including the spatiotemporal distribution of records 
and the hosts and plant communities each pathogen was recorded in. 
Pathogens with an uncertain status in New Zealand were excluded. We 
also removed some prominent fungal species that are difficult to define 
taxonomically, as these could lead to an overestimate of the number of 
associations (n = 10 pathogen species; Table S2). We excluded records 
from the subantarctic islands, the Kermadec and Three Kings Islands 
and from the Chatham Islands, as these are geographically distant and 
ecologically distinct from mainland New Zealand, where most interac-
tions were recorded. Poor sampling of rare species can underestimate 
the pathogen range of a host and lead to overestimates of specialization 
and nestedness, as well as underestimates of connectance (Blüthgen, 
Fründ, Vázquez, & Menzel, 2008; Morris, Gripenberg, Lewis, & Roslin, 
2014). We mitigated sampling effects by only including native plant 
species with at least 10 records in the database, irrespective of whether 
the records were with native or alien pathogens. As a result, our anal-
ysis included 149 native plant hosts (n = 3,159 records) because there 
were insufficient records available for most of the 2413 native vascular 
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plant species in New Zealand (de Lange & Rolfe, 2010). Of the host 
species included, 115 are considered endemic to New Zealand and 
the families (n = 52) most commonly represented were the Asteraceae 
(11% of species), Cyperaceae (11%) and Poaceae (9%). The high level 
of endemism in our database confirms that associations between alien 
pathogens and native plants are expected to be novel. Native fungi in 
our network interacted almost exclusively with native hosts (98 ± 0.5% 
native hosts). In contrast, alien pathogens interacted with both native 
hosts (63 ± 3% native hosts) and 62 species of naturalized alien plants 
considered environmental weeds in New Zealand (Howell, 2008). Of 
the 365 pathogens included in the database, most were above‐ground 
pathogens (n = 309). In particular, native rusts are well‐documented 
(McKenzie, 1998) and of the 35 orders included, the orders Pucciniales 
(24%) and Capnodiales (14%) were most commonly represented.
Database processing and all analyses were performed in r (R 
Core Team, 2017). We modified code from the packages ‘taxize’ 
(Chamberlain & Szöcs, 2013) and ‘taxonstand’ (Cayuela, Granzow‐de 
la Cerda, Albuquerque, & Golicher, 2012) to access the global tax-
onomic databases (originally accessed June 2015) with subsequent 
updates made manually as necessary.
2.2 | Network construction
We constructed bipartite networks of native plants and their path-
ogens using the number of times the association was recorded in 
the database as the edge weight. The number of records was used 
to weight the network because it was considered to represent the 
frequency of interactions, although it may also be confounded with 
sampling effort. To evaluate this assumption, we repeated the analy-
ses on an unweighted network. To test our predictions, we compared 
two subnetworks: native plants with only native pathogens, and na-
tive plants with only alien pathogens, accounting for subnetwork 
size. We also compared the full network, comprising all native plants 
and all recorded pathogens, with the native subnetwork to exam-
ine how the inclusion of alien pathogens altered the overall network 
structure. A complete list of the pathogens (Table S3) and plant hosts 
(Table S4) included in the analyses is in the supporting information.
2.3 | Analyses
2.3.1 | Are alien pathogens more generalist (Q1)?
To explore the differences between native and alien pathogen spe-
cies, we compared the number and phylogenetic breadth of host spe-
cies. We calculated the number of native hosts for each pathogen 
from the network and modelled host number as a function of patho-
gen status in New Zealand (native or alien). We did this by fitting a 
Poisson generalized linear mixed‐effects model, which included the 
total number of records in the network for each pathogen (log‐trans-
formed) as a fixed effect covariate to account for sampling effort, 
and pathogen order as a random effect to account for phylogenetic 
similarities. We additionally tested whether the log‐transformed num-
ber of records differed between native and alien pathogens using a 
Welch two‐sampled t‐test. To test for differences between alien and 
native pathogens in the phylogenetic breadth of their host range, we 
calculated the phylogenetic distances between all possible plant host 
pairs for each pathogen (Figure S1) using the dated phylogenetic su-
pertree R2G2_20140601 from Parker et al. (2015) and the program 
phylomatic (Webb & Donoghue, 2005). Where pathogens only had a 
single host, the phylogenetic distance was set to zero. Mean, median 
and maximum pairwise phylogenetic distance of a pathogen's hosts 
were all highly correlated (r > 0.9). Therefore, we modelled median 
pairwise phylogenetic distance as a function of pathogen status in 
New Zealand and log‐transformed total number of native hosts using 
a linear mixed‐effects model, with pathogen order as a random effect. 
Number of native hosts was included in the model to account for any 
increase in phylogenetic distance due simply to sampling effects. For 
mixed‐effects models of host number and phylogenetic host range, 
we examined model diagnostics, including testing for overdisper-
sion, and calculated significance using 95% confidence intervals from 
parametric bootstrap and likelihood ratio tests (Bolker et al., 2009). 
We also examined the effect of any influential points on the model 
results. All models and bootstrapping were implemented in the pack-
age ‘lme4’ (Bates, Maechler, Bolker, & Walker, 2014). For each model, 
we calculated the marginal and conditional R2 values, where marginal 
R2 values show the variation explained by the fixed effects and con-
ditional R2 shows the variation explained by both fixed and random 
effects (Nakagawa & Schielzeth, 2013).
2.3.2 | Do novel interactions alter networks (Q2)?
To test for the predicted effects of novelty on network structure, 
we compared the structure of the native pathogen subnetwork 
with the novel alien pathogen subnetwork. For each subnetwork, 
we calculated connectance, linkage density (Bersier, Banašek‐
Richter, & Cattin, 2002), nestedness, measured as weighted 




; Blüthgen, Menzel, & Blüthgen, 2006) using the 
package ‘bipartite’ (Dormann, Fruend, Blüthgen, & Gruber, 2009; 
Dormann, Gruber, & Fruend, 2008), while modularity (Clauset, 
Newman, & Moore, 2004) was calculated using the package ‘ig-
raph’ (Csardi & Nepusz, 2006) with clusters computed following 
Blondel, Guillaume, Lambiotte, and Lefebvre (2008). Connectance 
and linkage density assess how many interactions occur across the 
network, while nestedness, specialization and modularity describe 
how interactions are structured within the network. To assess the 
significance of differences in these metrics between the two sub-
networks, we simulated 1000 full networks. We considered the 
host as the sampling unit and therefore maintained the number of 
pathogens and distribution of records (edge weights) for each host 
but randomized the identity of the pathogens associated with each 
host. Shuffling pathogen identities generated networks under a 
null hypothesis of random association while maintaining the origi-
nal matrix size and structure. We simulated differences under a 
null model that maintained the original matrix sizes to eliminate 
differences in network metrics that might be due to matrix size 
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alone (Blüthgen et al., 2008; Morris et al., 2014). To assess the sta-
tistical significance of differences between observed subnetwork 
metrics, we compared the observed and simulated differences be-
tween the alien and native pathogen subnetworks and counted 
the number of simulations in which the simulated difference was 
more extreme than the observed difference, divided by the total 
number of simulations. Similarly, to assess how alien pathogens 
integrated into the full network structure, we compared simulated 
and observed differences between the full network and the native 
subnetwork as described above. These analyses were repeated for 
unweighted networks.
2.3.3 | Are modules determined by phylogeny, 
habitat or region (Q3)?
To investigate module composition within the network, we exam-
ined modules in the alien and native subnetworks, focusing on the 
largest connected component in each subnetwork, excluding mod-
ules formed around peripheral, unconnected clusters of nodes. 
The largest component of the alien subnetwork included 52 hosts, 
67 pathogens and 271 records, and the largest component of the 
native subnetwork included 58 hosts and 126 pathogens from 
1295 records. We classified the hosts in these components by 
habitat (forest, alpine, coastal, open/disturbed, riparian/wetland) 
and by geographic ecoregion (10 regions determined by climate 
and location, Figure S2) in New Zealand. Plant habitats and dis-
tributions were classified primarily using the New Zealand Plant 
Conservation Network (www.nzpcn.org.nz), but also NatureWatch 
(www.inatu ralist.org), TERRAIN (www.citsc ihub.nz), and general 
web searches as needed. We used a Mantel test to evaluate the 
correlation between log‐transformed phylogenetic distance and a 
true/false matrix indicating shared module occupancy. We then 
conducted a partial Mantel test to evaluate the correlation be-
tween shared module occupancy and the proportion of shared 
habitats or regions out of those occupied by either species, while 
controlling for log‐transformed phylogenetic distance (Oksanen et 
al., 2013; Quinn & Keough, 2002).
3  | RESULTS
3.1 | Are alien pathogens more generalist (Q1)?
Alien pathogens were recorded on more native plant species than 
native pathogens when the number of records was taken into ac-
count (Figure 1a; p = .011). Although alien pathogens had, on aver-
age, fewer records per species (3.7 ± 0.51, mean ± SE) than native 
pathogens (10.8 ± 0.76, p < .0001), they were recorded on a simi-
lar number of host species (aliens 1.7 ± 0.20, natives 1.63 ± 0.098 
mean hosts ± SE), and therefore had a higher number of hosts 
per species than expected. Independent of native status or num-
ber of records, pathogens in the orders Agaricales, Hypocreales, 
and Peronosporales had more hosts, while pathogens in the order 
Pucciniales had fewer hosts than average (Figure S3). The model had 
moderate explanatory power (marginal R2 = .2, conditional R2 = .3).
Alien pathogens colonized hosts with greater median pairwise 
phylogenetic distances (76 ± 15 myr) than native pathogens did 
(35 ± 7 myr). Irrespective of origin, pathogens with a greater num-
ber of hosts also colonized a broader phylogenetic range of hosts 
(Figure 1b). The model had moderate explanatory power (marginal 
R2 = .37; conditional R2 = .42). Pathogens in the order Pythiales had 
greater median host pairwise phylogenetic distance and pathogens 
in the order Pucciniales had lower host distance (Figure S4).
3.2 | Do novel interactions alter networks (Q2)?
The alien subnetwork had higher connectance and linkage den-
sity, was more nested, and had lower modularity and specialization 
than the native subnetwork (Figure 2). These differences were sig-
nificantly greater than those expected under null model simula-
tions (Table 2) and results were similar in unweighted networks 
F I G U R E  1   Coefficient estimates (effect size) from (a) a Poisson generalized linear mixed‐effects model explaining the number of native 
host species and (b) a linear mixed‐effects model of the median pairwise phylogenetic distance between native host species of fungal 
pathogens in New Zealand. The explanatory variables included pathogen status in New Zealand (alien or native) with pathogen order as a 
random effect and (a) the log number of records for each pathogen in the database or (b) the log number of host species as fixed effects. 
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(Table S5). Of the 78 native host species within the alien pathogen 
subnetwork, only 4 (5%) were unique to the alien pathogen sub-
network, while 71 hosts were unique to the native subnetwork. 
Endemic plants were not more abundant in this set of unique hosts, 
but grasses were rare. In the native and alien subnetworks respec-
tively, 1 to 2% of all possible links were present (connectance) and 
species associated with an average weighted diversity of 2 or 3 
other species (linkage density). The observed associations showed 
a high level of specialization and most interactions occurred within 
modules in both subnetworks (modularity; Table 2). Specialists 
tended to interact with generalists in the alien subnetwork, but this 
was not true in the native subnetwork, which had low nestedness.
The full network of native plants and their pathogens in New 
Zealand included 149 native plant hosts, 115 of which are endemic 
to New Zealand, and 365 pathogens (Table 2; Figure S5). In the full 
network, aliens represented 31% of the total pathogen richness and 
formed associations with 52% of the native hosts (Table 2). When 
the full network was compared to the native subnetwork, the full 
F I G U R E  2   Bipartite subnetworks of native New Zealand plant species and their alien (left) and native (right) pathogen species. Each 
node represents a species, with plants shown as green circles, pathogens shown as yellow squares, and lines connecting pathogens to plants 
they have been recorded on. The size of each node is proportional to the square root of the number of records for that species, the width of 
the link is proportional to the number of records of that association, and the position of nodes is determined by the Fruchterman‐Reingold 
algorithm. In the alien subnetwork, the pathogens that connected to the most hosts were Phytophthora cinnamomi (20 hosts), Fusarium solani 
(8 hosts) and Claviceps purpurea (8 hosts), while the most connected pathogens in the native subnetwork were Armillaria novae‐zelandiae  











































































































































Hosts 149 78 145   
Pathogens 365 112 253   
Records 3,159 415 2,744   




2.8 3.3 2.28 1.0***  0.524** 
Nestedness 
(weighted NODF)




) 0.819 0.670 0.850 −0.180
***  −0.031** 
Modularity 0.826 0.795 0.888 −0.093***  −0.061
***p ≤ .001; 
**p ≤ .01. 
TA B L E  2   Description and structure 
of weighted bipartite plant–pathogen 
networks. The full network includes 
native New Zealand plants and their 
pathogens, both alien and native, while 
the two subnetworks include only alien or 
native pathogens. The final two columns 
show the differences in network measures 
between networks, with significance 
calculated by comparing observed and 
simulated differences
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network had greater linkage density and slightly lower specialization, 
while nestedness and modularity were not significantly different 
(Table 2). Some alien fungi (e.g. Claviceps purpurea) connected native 
hosts (a suite of grasses) that were not otherwise connected by na-
tive pathogens (Figure S5). The difference in connectance between 
these two networks was smaller than expected by chance. Results 
using an unweighted network were similar, except the unweighted 
network showed a significantly greater nestedness (NODF) in the 
full network (Table S5).
3.3 | Are modules determined by phylogeny, 
habitat or region (Q3)?
The largest connected component of the alien subnetwork was 
divided into 8 modules and shared module occupancy was cor-
related with decreasing phylogenetic distance (r = −.14, p = .001). 
The probability that two hosts shared a module (n = 13) in the na-
tive subnetwork was more strongly correlated with phylogenetic 
distance (r = −.28, p = .001, Figure 3) than in the alien subnet-
work. Shared habitats and regions were not correlated with shared 
modules in either subnetwork, when phylogenetic distance was 
accounted for (r < .04, p ≥ .2).
4  | DISCUSSION
As expected, alien fungal pathogens were more generalist than 
native pathogens on native New Zealand plant host species, 
which resulted in different plant–pathogen network structures. 
Alien pathogens colonised more host species and a broader phy-
logenetic diversity of hosts than native pathogens on average. 
Consequently, the alien pathogen subnetwork was more nested 
and more connected, but less modular and less specialized than 
the native pathogen subnetwork. These differences were enough 
to increase linkage density and decrease specialization in the full 
plant–pathogen network when alien pathogens were incorporated. 
Within both the native and alien pathogen subnetworks, modules 
in the largest connected component of the subnetwork reflected 
host phylogeny, but not shared host habitats or geographic re-
gions, suggesting that phylogenetic conservation of plant hosts 
for both native and alien pathogens is a major driver of network 
structure.
4.1 | Aliens are more generalist (Q1) and novel 
interactions alter network topography (Q2)
The broader native host range of alien pathogens in New Zealand is 
consistent with patterns detected in pathogens of woody plants in 
Europe (Vacher et al., 2010) and grasslands in California (Parker et 
al., 2015), and the subsequent changes to the interaction network 
structure match those predicted, suggesting these may be general 
outcomes of alien pathogen invasion (Table 1). Furthermore, be-
cause most native pathogens were restricted to native hosts, while 
alien pathogens also colonized alien hosts, our estimates of alien 
host ranges are conservative. Because alien pathogens colonized 
more hosts than native pathogens, this led to greater connectance 
and linkage density in the alien subnetwork. These differences are 
strong enough to alter the full network structure, increasing link-
age density and minimizing the effect of increased network size on 
connectance (Blüthgen et al., 2008), as aliens represented a third 
of the total pathogen diversity. However, connectance in our net-
works was low, even for high‐intimacy antagonistic networks (Pires 
& Guimarães, 2012). This may partly be a result of the broad geo-
graphical scale covered by our national network, because some spe-
cies in the network do not co‐occur at a local scale and therefore 
cannot form links.
By contrast, the native network was highly specialized and mod-
ular, consistent with theoretical expectations for plants and patho-
gens with a long shared evolutionary history (Andreazzi et al., 2017; 
Lewinsohn & Prado, 2006). Modularity in our native network was 
higher than in other published plant–pathogen networks (Barrett, 
Encinas‐Viso, Burdon, & Thrall, 2015) and many other high‐intimacy 
networks (Pires & Guimarães Jr, 2012). Specialization was higher 
than that recorded for host‐parasitoid interactions (Morris et al., 
2014). Theory predicts that high modularity and specialization occur 
as native pathogens specialize on their native plant hosts, which is 
consistent with our findings (Andreazzi et al., 2017) and should sta-
bilize the network (Thébault & Fontaine, 2010). Studies of plant–fun-
gal associations in New Zealand and plant co‐occurrences in Europe 
have similarly found that native associations are more modular than 
alien associations (Dickie, Cooper, Bufford, Hulme, & Bates, 2017; 
Hui et al., 2013). However, when alien pathogens were incorporated 
into the native plant–pathogen network, modularity did not change, 
perhaps because aliens integrated into the existing modules created 
by native plant–pathogen interactions (Vacher et al., 2010).
F I G U R E  3   Mean phylogenetic distance between plant host 
species that do (closed circles) or do not (open squares) share 
a module within the largest connected component of the alien 
and native pathogen subnetworks in a network of pathogen 
associations with native plant hosts in New Zealand. Error bars 
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4.2 | Modules reflect phylogeny, not shared ecology 
(Q3)
Modules in both the native and alien subnetworks were largely de-
termined by host phylogenetic similarity. Host range in pathogens is 
often phylogenetically determined and our analysis found a strong 
phylogenetic influence, particularly in the native subnetwork, which 
is consistent with the more phylogenetically restricted host range of 
native pathogens. Our analysis did not detect a habitat influence on 
module composition, however. The lack of a habitat or geographi-
cal signal in network modules may be partly explained by the spa-
tial scale and the predominance of above‐ground pathogens in the 
network (e.g. rusts), which may be more likely to disperse across 
habitats or regions (Brown & Hovmøller, 2002; Viljanen‐Rollinson & 
Cromey, 2002). Other studies have likewise found a strong effect of 
host plant phylogeny, but weak or no effect of habitat on modules 
in plant–pathogen networks in Europe (Vacher et al., 2010, 2008).
4.3 | Ecological implications of novel 
interactions and network shifts
Alien pathogens colonize more hosts, increasing linkage density in 
the network, which has the potential to promote pathogen spillo-
ver onto co‐occurring host species and impact plant population and 
community dynamics (Flory & Clay, 2013; Power & Mitchell, 2004; 
Young et al., 2017). Links in a plant–pathogen network can reveal 
which pathogens are mostly likely to spillover and module struc-
ture can identify hosts that are most at risk. Where specialization 
is lower, as in the network that included alien pathogens, there is 
more opportunity for spillover because there is a greater diversity 
of interacting pairs (Power & Mitchell, 2004). Measuring host range 
and spillover can highlight biosecurity risks and the potential impact 
of alien and emerging pathogens (Anderson et al., 2004; Fisher et al., 
2012). Alien plant hosts could also increase spillover, for example by 
functioning as disease reservoirs. Constructing local‐scale networks 
of co‐occurring species, or weighting networks by the intensity of in-
teractions (i.e. virulence) could further refine predictions of spillover, 
but to date these data are not available for many pathogen associa-
tions (Parker & Gilbert, 2004; Young et al., 2017).
Network structure may also indicate the stability of the cur-
rent community's species composition and interspecific interac-
tions (Thébault & Fontaine, 2010). More connected networks are 
predicted to be less stable (Thébault & Fontaine, 2010), such that 
the integration of alien pathogens into the network may increase 
the risk of local extinctions (de Castro & Bolker, 2005b; Fisher et 
al., 2012; Young et al., 2017). Less specialized pathogens with a 
greater host range, and therefore greater linkage density, should 
be more prone to invade and more likely to cause local host ex-
tinctions (de Castro & Bolker, 2005b). This is especially concerning 
where novel alien pathogens may have greater impacts on naïve 
hosts than native pathogens (de Castro & Bolker, 2005a; Fisher et 
al., 2012; Smith et al., 2006). How alien pathogens integrate into 
the network may also reveal evidence for competition between 
pathogen species, which is still poorly understood (Desprez‐
Loustau et al., 2007). Given that aliens represented 31% of the 
total pathogen richness in the full network and formed associa-
tions with 52% of the plant host species, our results suggest that 
native pathogens do not strongly limit the integration of alien 
pathogens into the network.
Over time generalist pathogens should evolve to become more 
specialized on their hosts (Andreazzi et al., 2017) and theory has 
predicted that virulence should also decline, although the evidence 
is weak (Gilbert & Parker, 2010; Parker & Gilbert, 2004). The extent 
of specialization will depend in part on the level of gene flow be-
tween pathogen populations and the presence of multiple potential 
hosts, as these could limit the evolution of specialization (Andreazzi 
et al., 2017; Parker & Gilbert, 2004). Novel gene flow across spe-
cies or strains, however, may promote host jumps and the emer-
gence of new infectious diseases. Hybridization, for example, led 
to the emergence of Ophistoma novo‐ulmi (Dutch elm disease) in 
Europe (Burdon & Thrall, 2008; Fisher et al., 2012; Stukenbrock & 
McDonald, 2008; Woolhouse, Haydon, & Antia, 2005).
Our results are consistent with theoretical expectations regard-
ing novel plant–pathogen interactions, and are based on interactions 
drawn from a broad geographical region while attempting to control 
for many of the uncertainties and biases common to such datasets (e.g. 
sampling bias and taxonomically difficult species; Desprez‐Loustau et 
al., 2010). Greater resolution of taxonomically difficult species groups 
(e.g. species complexes or cryptic species; Crous, Hawksworth, & 
Wingfield, 2015) would likely increase estimates of pathogen host 
range and lead to greater connectance and linkage density, and de-
creased specialization and modularity in the networks. Since many 
of these taxonomically difficult species are considered alien to New 
Zealand (Table S2), this might be more likely to occur in alien patho-
gens. By removing prominent pathogen species complexes (e.g. 
Alternaria alternata), commonly misidentified species, and fungi with an 
uncertain native or alien status, we minimized these effects, but this 
may have contributed to the low connectance and high modularity and 
specialization found in our networks. Greater sampling of plant–patho-
gen interactions would increase the reliability of the network, but we 
tried to account for sampling biases directly (e.g. including number of 
records when modelling the number of hosts) or indirectly by compar-
ing the results to randomized matrices, which accounted for network 
size and the distribution of sampling effort (i.e. link weights), or are 
relatively unbiased by sampling effort (e.g. H
′
2
) (Blüthgen et al., 2008; 
Fründ, McCann, & Williams, 2016).
5  | CONCLUSIONS
Plant–pathogen networks are rarely studied, particularly in the con-
text of invasions (Médoc et al., 2017; Vacher et al., 2010), and our 
study provides key insights into the characteristics of alien pathogens 
and the structure of novel plant–pathogen networks. Understanding 
novel plant–pathogen associations in a network context can help 
elucidate the factors that structure plant–pathogen associations, for 
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example by comparing novel and native network structures to test 
for patterns consistent with evolutionary processes (Andreazzi et al., 
2017; Pires & Guimarães Jr, 2012). These comparisons can also pro-
vide insights into the potential impacts of alien pathogen invasions. 
Because alien pathogens interacted with more native plant hosts 
than native pathogens did, they could increase the risk of adverse 
indirect effects, including apparent competition between hosts and 
pathogen spillover from one host to another, potentially affecting 
the stability of plant populations and the plant–pathogen network. 
Research examining not only the presence, but also the virulence of 
alien pathogens on native plants in the context of network structure 
could contribute substantially to our understanding of the likely im-
pact of alien pathogens at the community level.
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